INTRODUCTION
Globally, marine ecosystems play a critical role in supporting human well-being, providing numerous services such as food, livelihood and recreational opportunities (Halpern et al., 2012; Spalding et al., 2014; Barbier, 2017) . However, these ecosystems face a multitude of pressures from human activities (Halpern et al., 2008) , which have altered marine communities, impacted ecosystem health and eroded their capacity to provide benefits for local communities (Halpern et al., 2012) . In response, ecosystembased management (EBM), and marine spatial planning (MSP) are increasingly advocated to manage human activities in the marine environment. Marine protected areas (MPA) are one such spatial management tool within these frameworks promoted to conserve marine biodiversity (Klein et al., 2008) , maintain largescale ecological processes (Olds et al., 2012) , and support the sustainable use of marine resources (Lester et al., 2009) .
International commitments to protect 10% of coastal and marine areas within MPAs by 2020 (CBD, 2010) along with greater awareness of the potential benefits of MPAs for local livelihoods, and marine biodiversity, has led to a 10-fold increase in MPA coverage since 2000 (Watson et al., 2014) . However, effective MPAs need to be well designed and managed, which requires an understanding of the location and overall human impact on marine habitats, ecosystems and species. Consequently, there is increasing emphasis on spatially representing the distribution, intensity, frequency and seasonality of potentially damaging processes through threat maps (Tulloch et al., 2015) . These maps are regularly used as part of decisionmaking processes, as well as to inform decisions regarding where to prioritize and target conservation efforts and funding (Myers et al., 2000; Salafsky and Margoluis, 2003) .
Whilst numerous approaches to threat mapping exist (Tulloch et al., 2015) , there is a growing consensus that management of marine ecosystems must focus on multiple or cumulative human stressors, rather than single stressors (Halpern and Fujita, 2013; Brown et al., 2014) . The most commonly used approach to map cumulative impacts requires: (1) mapping the spatial distribution and intensity of each anthropogenic activity (e.g., pollution or fishing); (2) mapping the location of each conservation feature, such as habitat, ecosystem or species; (3) applying a vulnerability weight that translates the intensity of an activity into its predicted impact on each feature, creating a single threat impact score; and (4) summing across activities to produce a cumulative impact score (Lombana et al., 2007; Halpern et al., 2008; Teck et al., 2010; Halpern and Fujita, 2013) . This approach has been used to quantify and map cumulative human impacts on marine ecosystems and species at global (Halpern et al., 2008 (Halpern et al., , 2012 and regional scales (Ban and Alder, 2008; Halpern et al., 2009; Selkoe et al., 2009; Ban et al., 2010; Foden et al., 2011; Korpinen et al., 2012; Maxwell et al., 2013; Micheli et al., 2013) .
Most regional cumulative impact assessments though are not focused on the most imperiled ecosystems, regions, species or populations (Halpern et al., 2008 (Halpern et al., , 2012 , and have largely been restricted to well-studied, data rich developed countries in Europe and North America. In many biodiversity rich developing countries, where there are lower levels of marine protection and capacity (Marinesque et al., 2012; Watson et al., 2014) there is a limited understanding of the scale of impact (particularly derived from local stressors). Consequently, there is limited knowledge on where to efficiently allocate limited resources to ensure effective conservation outcomes where biodiversity threat data is most needed (Joppa et al., 2016) .
One such example where there is insufficient biodiversity threat data is Equatorial Guinea, located in the Gulf of Guinea (Lombana et al., 2007) . This is a globally important region that hosts some of the highest concentrations of relatively rare or range-restricted and threatened marine species such as sea turtles, elasmobranchs and marine mammals (Lucifora et al., 2011; Selig et al., 2014; Polidoro et al., 2017) . For instance, some of the most important sea turtle rookeries globally are located in the Gulf of Guinea (Witt et al., 2009; Metcalfe et al., 2015) with the southern beaches of Bioko Island in Equatorial Guinea recording significant densities of leatherback, hawksbill, green and olive ridley sea turtles during the nesting season (Butynski, 1996; Fretey et al., 2007; Tomás et al., 2010; Honarvar et al., 2016) . The coastal waters of the Gulf of Guinea also support key life history stages for numerous cetacean species (Weir, 2010; Weir et al., 2011) . For example, this region provides important wintering, breeding and calving habitat for humpback whales (Rosenbaum and Collins, 2006; Rosenbaum et al., 2014) , as well as vital foraging habitat for the Atlantic humpback dolphin (Weir et al., 2011; Collins, 2015; Weir and Collins, 2015) .
Equatorial Guinea is also situated within the Guinea Current Large Marine Ecosystem (GCLME), a highly productive ecosystem that hosts some of the most productive coastal and offshore waters for fisheries in the world (Aryeetey, 2002; Ukwe et al., 2003) . This region, in particular, also has substantial oil and gas reserves, which are vital to national economies (Frynas, 2004) . Marine species across this region are therefore subject to a range of pressures such as incidental capture (bycatch) in fisheries, direct take (e.g., of eggs, meat or other products), as well as coastal development, habitat loss and pollution linked to the expansion of the offshore oil and gas sector, and population growth (Formia et al., 2003; Weir and Pierce, 2013; Metcalfe et al., 2017; Metcalfe et al., in press) .
Mapping the potential cumulative impacts of multiple stressors on important marine megafauna in Equatorial Guinea is considered a national priority, and essential to fulfilling commitments to the Convention on Biological Diversity's Strategic Plan for Biodiversity (CBD, 2010) and the United Nations Sustainable Development goals (Griggs et al., 2013; United Nations, 2015) . However, given that only 0.24% of Equatorial Guinea's waters are protected as of 2019 (UNEP-WCMC, 2019) it is highly unlikely that the government will meet the 10% goal by 2020. This study therefore aims to support evidenced-based decisions and science-informed policy to help bring actionable insights as to where conservation actions are needed -a key objective beyond 2020 set by the UN Decade of Ocean Science for Sustainable Development 2021 -2030 (UN, 2018 . As this region is relatively understudied and data poor, our specific goals were to: (1) predict the relative suitability of habitats for a suite of marine species across the Gulf of Guinea using presence data from neighboring countries (see: Redfern et al., 2013) ; (2) spatially map local stressors (i.e., individual human activities) with presumed impact weightings for focal marine megafauna; (3) map cumulative impacts on marine megafauna species using a cumulative impact mapping approach developed by Maxwell et al. (2013) to identify atrisk, high biodiversity areas for targeted conservation and mitigation efforts, as well as low-risk, high biodiversity areas that may be suitable candidates for MPAs; and (4) identify which human activities are having the greatest influence on cumulative utilization impact scores and are therefore posing the greatest threat to marine megafauna species.
MATERIALS AND METHODS

Habitat Suitability Modeling
Equatorial Guinea's exclusive economic zone (EEZ) is divided into two regions, with the Bioko-Corisco-Continental area covering approximately 58,000 km 2 (18%) and Annobón Island (Pagalu) covering approximately 50,700 km 2 (82%) of its waters. This study focuses on the Bioko-Corisco-Continental area (Figure 1 ). Whilst Equatorial Guinea is known to host globally important populations of sea turtles, whales and dolphins, finescale species distribution maps and comprehensive sighting data are largely non-existent. To address this gap we used an Ensemble Ecological Niche Modeling (EENM) approach to predict the relative suitability of habitats for five species of marine megafauna from two species guilds (marine mammals and marine turtles) using location data available from neighboring countries within the Gulf of Guinea as surrogates (Redfern et al., 2017) . These species have a variety of ecological roles, life histories and global conservation statuses, and include: the bottlenose dolphin (Tursiops truncates) and humpback whale (Megaptera novaeangliae), listed by IUCN as Least Concern, the leatherback (Dermochelys coriacea) and olive ridley (Lepidochelys olivacea) sea turtle listed as Vulnerable, and the Atlantic humpback dolphin (Sousa teuzii) listed as Critically Endangered (IUCN, 2018) .
For leatherback and olive ridley sea turtles, location data were derived from platform transmitter terminals (PTT) attached to nesting females in Gabon (olive ridley: n = 60 individuals; leatherback: n = 37 individuals); attachment and tag details provided in previously published studies (Witt et al., 2008 (Witt et al., , 2011 Maxwell et al., 2011; Pikesley et al., 2013; Dawson et al., 2017) . Satellite telemetry data were collected using the Argos satellite system (CLS, 2016) and downloaded with the Satellite Tracking and Analysis Tool [STAT; Coyne and Godley (2005) ]. For each PTT all positions with a location class (LC) Z and 0 were removed (i.e., invalid locations, or locations with an estimated error >1,500 m, respectively) (CLS, 2016), and inter-nesting locations extracted by manually determining the final nesting event for each female (this being the night-time location with the highest accuracy class and located on, or nearest to land during the nesting season). Only inter-nesting locations were considered, as the migratory and foraging data available did not alter the overall habitat suitability. A user-defined speed threshold (>5 km/h) and azimuth filter (<20 degrees) was then applied to remove implausible Argos locations (Witt et al., 2010; Freitas, 2012) using the argosfilter package in R (R Core Team, 2016) . For each PTT, location data were then resolved to single daily best (highest) quality locations, as per Witt et al. (2010) . If more than one location was determined with equal quality within the 24-h period, the first location was retained. This data reduction technique implemented in many animal movement studies was adopted to minimize spatial and temporal autocorrelation that inherently exists within such data sets (De Solla et al., 1999) . The final inter-nesting dataset was thus comprised of location data from 49 olive ridley (n = 989 daily locations), and 32 leatherback sea turtles (n = 1,433 daily locations).
For cetaceans, location data were restricted to records obtained from beach, boat and aerial surveys conducted in Gabon and the Republic of Congo between 2000 and 2013 as detailed in Collins et al. (2010) and Strindberg et al. (2011) Spatially and temporally coincident environmental data were extracted using the raster package in R (Hijmans et al., 2016; R Core Team, 2016) . These datasets were: (1) General Bathymetric Chart of the Oceans (GEBCO) gridded bathymetric depth (m) data (resolution 0.008 degrees) obtained from: www.gebco.net, (2) seabed slope (as a percentage), derived from depth data (resolution 0.008 degrees), (3) monthly averaged chlorophyll-A (chlA; resolution 0.041 degrees) obtained from: https:// podaac.jpl.nasa.gov/), (4) monthly averaged MODIS L3 nighttime Sea Surface Temperature (SST in • C; resolution 0.041 degrees) obtained from: https://podaac.jpl.nasa.gov/, and (5) SST derived frontal activity. Frontal activity for the study area was modeled using Marine Geospatial Ecological Tools (Roberts et al., 2010) . A minimum frontal edge detection threshold of 0.5 • C (SST) was applied to daily MODIS L3 night time SST ( • C) data using the Cayula and Cornillon Single Image Edge Detection (SIED) algorithm (Cayula and Cornillon, 1992) . Daily SST frontal activity rasters were then aggregated into monthly rasters with cumulative totals for daily frontal activity (resolution 0.041 degrees). All environmental data layers were resampled using bilinear interpolation to match the coarsest resolution of the environmental data (0.041 degrees; equivalent to 4 km latitude × 4 km longitude), and the mean of the monthly data for chlA, SST and SST frontal activity was taken as the long-term yearly (cetacean) or seasonal (turtles) products (Supplementary Table S1 ). To test for correlation within these data a random sample of 100 locations for each set of species-specific location data, was generated and coincident environmental data extracted for each location. A Spearman's rank correlation test was then calculated for all unique combinations of environmental variables.
The modeling approach followed that detailed in Pikesley et al. (2015) . Three modeling algorithms were applied [Generalized Linear Model (GLM), Generalized Additive Model (GAM) and Boosted Regression Tree (BRT)] within the biomod2 package in R Thuiller et al. (2014) and R Core Team, 2016 to produce species specific Ensemble Ecological Niche Models (EENMs). We prescribed the modeling area to be within latitudes N 21 • , S 35 • , and longitudes W 30 • , E 20 • (WGS84). The response variables were binary, either "presence" described by our location data, or "pseudo-absences" randomly generated within the modeling extent. For each model an equal number of pseudoabsences to location data were generated with no prescribed minimum or maximum distance to presence locations. All models were run using 10-fold cross validation with a 75/25% random spilt of the location data for calibration, and model testing, respectively. Model performance was evaluated using five metrics. To evaluate model uncertainties, within and between models, all evaluation metrics were scaled to the range 0 to 1. Species-specific model evaluation metrics were concordant across models ( Supplementary Table S2 ); therefore, we combined our ENMs to form species-specific ensemble projections using an un-weighted average. These EENMs described the relative suitability (RS) of habitats, scaled between 0 and 1, where 0.5 represents areas of typical habitat suitability, 0 represents lowest suitability and 1 indicates greatest suitability. To investigate spatial autocorrelation within model residuals we calculated Moran's I coefficients for each of our EENMs (Dormann et al., 2007) , which indicated no spatial autocorrelation; humpback dolphin z = 0.46, p = 0.64, bottlenose dolphin z = 0.99, p = 0.32, humpback whale z = 0.14, p = 0.88, leatherback z = 0.03, p = 0.97 and olive ridley z = 0.01, p = 0.99.
Cumulative Impact Distribution
To determine the impact of human activities in Equatorial Guinea's EEZ, we used a combination of publicly available data, and data derived from a range of unpublished studies conducted in country (source: Wildlife Conservation Society), resulting in spatial information for eight different local anthropogenic activities ( Table 1) . A number of different stressor layers were assigned to each of the eight local anthropogenic activities which included: (1) coastal accessibility; (2) coastal waste; (3) nutrient run-off; (4) ocean-based pollution; (5) hydrocarbon exploitation and production; (6) shipping; (7) artisanal fishing; and (8) industrial fishing, as per Halpern et al. (2008) . These activities were also grouped into three different categories: fishing, pollution, and industrial activity ( Table 1 ). An intensity score was calculated by summing corresponding stressor layers for each activity, which were then rescaled between 0 and 1, and resampled to match the resolution of the habitat suitability models (4 km × 4 km).
To predict areas where species are potentially at greatest risk to impacts associated with human activities, we calculated cumulative impact scores for each anthropogenic activity, whereby each activity was weighted by the vulnerability of the species to said activity. These vulnerability weightings were based on measures derived by Maxwell et al. (2013) , and included: (1) stressor frequency; (2) whether the impact was direct or indirect; (3) the likelihood of mortality to the individual upon impact; (4) the recovery time of the individual after impact; (5) reproductive consequences of impact; and (6) relative impact on the species' wider population (Supplementary Table S3 ). A review of the current literature was undertaken to assess the scores for species included in this study and shared with regional experts. There was no evidence to change humpback whale measure rankings from those of Maxwell et al. (2013) . Sea turtle rankings were revised for the context of this study in Equatorial Guinea. For example, the risk of bycatch in countries with little regulation or enforcement is likely higher than in nations with longer histories of more effective marine management (e.g., Casale et al., 2017) . Additionally, coastal accessibility is considered a higher threat to sea turtles in Equatorial Guinea with many coastal communities depending on turtle meat and eggs to supplement fishing catches (Tomás et al., 2010; Honarvar et al., 2016) . Artisanal fishing was also included as this activity is linked to high levels of marine mammal and sea turtle bycatch in Africa (Moore et al., 2009 ). In utilizing vulnerability weightings, we are assuming that regional experts surveyed were able to provide accurate and representative conclusions on the vulnerability of the study species to particular stressors (see Halpern and Fujita, 2013) .
The vulnerability measures for each anthropogenic activity (Supplementary Table S3 ), were then summed and rescaled between 0 and 1 to obtain a vulnerability weighting for each anthropogenic activity for each species (Supplementary Table S4 ). Vulnerability weightings for each anthropogenic activity were then multiplied by the value of intensity of the corresponding anthropogenic activity within each cell to determine its predicted impact (Eq. 1), per Maxwell et al. (2013) .
Where, S i is the intensity of an anthropogenic activity i, and V i,j is the vulnerability weighting for anthropogenic activity i on species j.
Cumulative Utilization and Impact (CUI) Distribution
To determine the potential impact of anthropogenic activity (CUI scores) in Equatorial Guinea's EEZ, the cumulative impact (CI) scores (intensity of an anthropogenic activity weighted by its corresponding vulnerability) were summed and multiplied by the relative habitat suitability scores (Eq. 2) for individual species (n = 5), and species groups (n = 3; all marine megafauna; marine mammals and sea turtles), per Maxwell et al. (2013) .
Whereby S i is the intensity of anthropogenic activity i, V i,j is the vulnerability weighting for anthropogenic activity i on species j, and U j is the relative habitat suitability for species j for a given cell.
To determine which anthropogenic activity had the greatest effect, and to identify the anthropogenic activity that requires the greatest mitigation, we calculated the influence of individual activity CUI scores (for example, artisanal fishing) on the overall CUI scores for each species group (n = 3) and individual All non-binary layers were log-transformed and normalized before being summed for each activity. Activities were grouped into categories: Industrial (I), Fishing (F) and Pollution (P).
species (n = 5). To do this we used pairwise linear regression to determine how well each anthropogenic activity's CUI scores were able to predict the pattern of the overall CUI. Combined species CUI distributions were also calculated for groups of similar stressor types (fishing, pollution and industrial categories; Supplementary Figure S1 ). These CUI distributions can highlight specific activities that require targeted intervention.
To help inform efforts to identify potential locations for MPA expansion we extracted cells from overall CUI scores which had both low impact (CUI scores ≤ 50%) and high relative habitat suitability (RS ≥ 75%). Finally, we made comparisons between the (<200 m depth) and off-shelf (>200 m depth) means of the relative habitat suitability, cumulative impact (CI) and cumulative utilization and impact (CUI) scores for each species group and individual species using Welch's t-tests and assuming unequal variances. These comparisons were chosen as marine biodiversity has been shown to concentrate in tropical coastal and shelf waters, with higher productivity and species richness than offshore waters (Selig et al., 2014) . This method was repeated to compare means within and outside of the existing MPA within Equatorial Guinea's EEZ, to determine the relative threat to the current MPA and potential opportunities for MPA expansion. The distribution of CUI scores was also investigated across individual species through density plots of per-pixel CUI scores. Density plots were necessary to understand the spread of CUI scores visually, as opposed to binned histogram analysis, due to the continuous nature of the CUI scores. Both the MPA analysis and the density plots were limited to the continental shelf as the focus of the study has been guided by on-shelf/off-shelf comparisons and statistical tests which confirmed that distributions are highly concentrated on the continental shelf.
RESULTS
Habitat Suitability Models
The EENMs revealed that suitable habitat (defined as RS > 0.5) for all species (Atlantic humpback dolphin, bottlenose dolphin, humpback whale, leatherback and olive ridley sea turtle) were concentrated in the waters surrounding the Rio Muni mainland, Corisco Bay, and Bioko Island (Figure 2) . The mean relative suitability of habitats was greatest in the shallow (<200 m) waters of the continental shelf for all species ( Table 2) . The exception, however, was the leatherback sea turtle, where high levels of habitat suitability were predicted across both territorial and offshore waters (Figure 2) . Depth was the most important contributory variable across species with mean relative importance of the contribution to the model coefficients (RICC) that ranged between 0.52 for olive ridley sea turtles to 0.90 for the bottlenose dolphin (Supplementary Table S5 ). For species groups (that is, all marine megafauna, marine mammals and sea turtles) similar trends were evident with the highest levels of suitable habitat located in continental shelf waters along the mainland, and in the waters surrounding Corisco Bay and Bioko Island (Figure 3) .
Cumulative Impact Distribution
The continental shelf had a higher overall mean anthropogenic footprint score than offshore waters (Welch's t-test, t 407 = 21.5, p < 0.001), with the highest scores adjacent to major urban areas and river mouths, along the mainland, and surrounding Bioko Island (Figure 1) . The mean footprint score was also significantly higher within the MPA in Corisco Bay than on the rest of the continental shelf (Welch's t-test, t 64 = 2.79, P < 0.001). Cumulative impacts of anthropogenic activities (that is, underlying stressors weighted by species vulnerability) were largely consistent across all species groups (Figure 3) . The highest values were recorded on the continental shelf, adjacent to major urban areas and river mouths, along the mainland, and surrounding Bioko Island -preferred habitats for many species, such as the humpback dolphin. Moderate to high values were also found along the maritime border with Sao Tome and Principe across all species groups (Figure 3) ; driven largely by the presence of industrial fishing activity (Kroodsma et al., 2018) .
Cumulative Utilization and Impact Distribution
The highest CUI scores (which integrate the relative suitability of habitats for species and cumulative impacts) were found along the coast of the mainland extending into Corisco Bay, and in the waters surrounding Bioko Island across all species groups (Figure 3) . Mean CUI scores were highest on the continental shelf for all species groups compared to offshore waters ( Table 2 ). The mean CUI score within the MPA was also higher than the mean CUI score for the rest of the continental shelf (Welch's t-tests: all megafauna species, t 18 = 23.2, P < 0.001; marine mammals, t 49 = 10.8, P < 0.001; sea turtles, t 26 = 2.6, P < 0.05). Species groups showed similar patterns regarding the spatial distribution of CUI hotspots, however, CUI scores varied in intensity for individual species across these areas (Figure 4) . For instance, the humpback whale ( Figure 4A ) and bottlenose dolphin ( Figure 4B ) have a greater geographical spread of moderate to high CUI scores across Equatorial Guinea's continental shelf, whereas the highest CUI scores for the Atlantic humpback dolphin (Figure 4C ) are concentrated along the coast of the mainland. For leatherback ( Figure 4D ) and olive ridley sea turtles ( Figure 4E ) potential impacts are widespread with CUI scores highest along the mainland coastline. However, high CUI scores for both species are also found in the continental shelf waters that surround Bioko Island, particularly adjacent to key nesting beaches on the south of the island. In terms of informing decision-making processes, there are several areas with low CUI scores that overlap areas with high habitat suitability scores ( Figure 5) ; that could be used in spatial prioritization analyses to help inform the location MPAs that are designed to protect marine megafauna. The areas with low impact levels and high habitat suitability for combined megafauna species total well over 1,000 km 2 -equivalent to 1.7% of the Bioko-CoriscoContinental area. Additionally, these areas are not fragmented across the EEZ, but instead form two coherent on-shelf areas near border with Cameroon and Gabon in the north and south, respectively ( Figure 5) .
Ocean-based pollution was the CUI layer with the most influence on the overall CUI values for all species combined (R 2 = 0.87), followed by shipping (R 2 = 0.84) and ocean engineering (R 2 = 0.78; Table 3 ). At an individual species level, ocean-based pollution may be having the greatest impact on dolphin and turtle species (Table 4) . Humpback whale species results showed the only difference, with commercial shipping likely having the greatest impact. The olive ridley turtle was equally impacted by commercial shipping and oceanbased pollution. Finally, with respect to activity types (fishing, pollution, and industry), the highest CUI scores for all three types were largely concentrated on the continental shelf adjacent to major urban areas and river mouths, along the mainland, and surrounding Bioko Island (Supplementary Figure S1) . The resulting CUI scores show variation in the locations of high impact hotspots depending on activity type, and they clearly show that industrial based activities and stressors are likely to have the most widespread impact on marine megafauna compared to fishing and pollution.
DISCUSSION
Despite the Gulf of Guinea being identified as a marine biodiversity hotspot, many countries in the region are failing to adequately protect and manage marine biodiversity from anthropogenic threats such as overfishing, and coastal and offshore developments (Aryeetey, 2002; Marinesque et al., 2012; Watson et al., 2014; Pérez-Jorge et al., 2015) . Additionally, efforts to reduce pressures and increase protection in Equatorial Guinea are complicated by a lack of fine-scale data on the distribution of globally important species and the anthropogenic activities potentially impacting them. As a result, decision making processes and targeted conservation efforts, such as MPA creation or coastal zone management are hampered by a lack of understanding. This paper represents the first attempt to address these knowledge gaps and build an evidence base by: (1) using an EENM approach to develop habitat suitability models for a suite of marine megafauna occurring within the Gulf of Guinea; (2) visualizing the potential cumulative impacts of human activities on these species; and (3) highlighting areas which could form the basis for efforts to expand the protection of marine megafauna in the region. In order to better understand data poor regions, surrogate data is often required as a proxy for habitat in adjacent areas (Redfern et al., 2017) . Here, we used data gathered from Gabon and Congo to improve the knowledge on the potential suitability of Equatorial Guinea's waters for marine megafauna species; with the outputs of the models corroborating our limited understanding of the behavioral ecology and spatial distribution of these species. These findings further validate calls to use available species data to predict species distributions in data-poor regions (Redfern et al., 2017) . For instance, the EENMs for the Atlantic humpback dolphin agreed with published studies that showed this species has a restricted range and strong preference for shallow (<30 m) coastal and nearshore waters (Weir et al., 2011; Collins, 2015; Weir and Collins, 2015) . Additionally, habitat suitability models for the humpback whale overlapped with important areas derived from satellite tracking (Rosenbaum et al., 2014) as well as occurrence records from the Gulf of Guinea (including the waters off of São Tomé and Príncipe; Carvalho et al., 2011) , and West Africa (Nigeria, Ghana, Cote d'Ivoire and Liberia) (Weir et al., 2011; Van Waerebeek et al., 2017) . More specifically, the EENMs revealed that the areas with the highest habitat suitability were concentrated in shallow continental shelf waters (<200 m) along the Rio Muni mainland, particularly Corisco Bay (along the maritime border with Gabon) and in the waters surrounding Bioko Island. These findings echo those of other studies that have shown higher levels of habitat utilization for highly mobile marine megafauna in continental shelf waters ; that is often linked to higher levels of productivity, nutrient upwelling and frontal activity (Miller et al., 2015; Scales et al., 2018) .
Continental shelf waters particularly along the mainland are, associated with the highest levels of human activity and the highest cumulative impact distribution scores for marine megafauna compared to offshore waters. These results are not particularly surprising as Equatorial Guinea hosts an important fisheries sector (Belhabib et al., 2016) , as well as offshore petrochemical infrastructure and shipping, that are largely concentrated on the continental shelf. Similar trends are also evident in neighboring countries like Gabon and the Republic of Congo, where continental shelf waters are subject to more persistent pressure from human activities such as shipping and fisheries than offshore waters (Dawson et al., 2017; Metcalfe et al., 2018; Pikesley et al., 2018) .
There was little variation in the distribution of highly impacted areas among species groups or individual species on the continental shelf, with several areas emerging as clear priorities for targeted conservation or mitigation efforts. These areas were located along the coast of the Rio Muni mainland, adjacent to major urban centers and river mouths, and in the waters surrounding Bioko Island. There was, however, variation in the intensity of impacts across these areas, particularly for leatherback turtles and humpback whales, with a greater frequency of high CUI scores and a larger geographical spread of moderate to high impact areas across the continental shelf and in the waters surrounding Bioko Island for these species. CUI results for our study species showed multiple areas of overlap between areas of high habitat suitability (≥75%) and high impact (≥50%). Marine mammals are particularly affected with over 25% of highly suitable habitat heavily impacted by human activity; reflecting the reliance of our focal cetacean species on continental shelf waters. Of our studied species, the Atlantic humpback dolphin is revealed as highly susceptible to human pressures, with most stressors having a higher influence on CUI scores than for other species. Critical habitats for the Atlantic humpback dolphin are especially affected with over 40% of highly suitable habitat overlapping with high cumulative impact scores. These findings reflect this species' reliance on nearshore and estuarine habitat (Weir and Collins, 2015) , which is dominated by human activities in Equatorial Guinea.
While investigating threats to marine megafauna we revealed that CUI scores for species groups were largely influenced by a few key drivers, with ocean-based pollution, commercial shipping and coastal waste being major contributors to cumulative impacts, with the highest influences on impact varying between individual species. While it is well known that pollution FIGURE 3 | Species distribution models indicating the relative suitability of habitats for: (A1) all megafauna species (n = 5: humpback whale, bottlenose and Atlantic humpback dolphin, leatherback and olive ridley sea turtles); (B1) marine mammals (n = 3: humpback whale, bottlenose and Atlantic humpback dolphin); and (C1) sea turtles (n = 2: leatherback and olive ridley sea turtles). Cumulative impact distributions (activity intensity weighted by the vulnerability of a species to said activity) showing pressure hotspots for: (A2) all megafauna species (n = 5: humpback whale, bottlenose and Atlantic humpback dolphin, leatherback and olive ridley sea turtles); (B2) marine mammals (n = 3: humpback whale, bottlenose and Atlantic humpback dolphin); and (C2) sea turtles (n = 2: leatherback and olive ridley sea turtles). Cumulative utilization impact distributions for: (A3) all megafauna species (n = 5: humpback whale, bottlenose and Atlantic humpback dolphin, leatherback and olive ridley sea turtles); (B3) marine mammals (n = 3: humpback whale, bottlenose and Atlantic humpback dolphin); and (C3) sea turtles (n = 2: leatherback and olive ridley sea turtles). See Figure 1 for additional geographical information for the Bioko-Corisco-Continental area of Equatorial Guinea's exclusive economic zone. and shipping activities exert major pressures on ecosystems worldwide (Halpern et al., 2008 (Halpern et al., , 2012 Coll et al., 2012; Maxwell et al., 2013; Redfern et al., 2013; Jensen et al., 2015; Lu et al., 2018) , this analysis shows that reducing the effects of these local stressors could lead to a reduction in cumulative impact. Many of these local stressors are closely linked to the daily operations of the hydrocarbon industry, weak enforcement of statutory rules, and inadequate or ineffective regulations for environmental protection, as well as poor infrastructure that is unable to cope with the demands of a growing population (Ogri, 2001) . Analyses of CUI scores for different anthropogenic activity types indicated that industrial activities, in particular, are likely to have the most widespread effect on marine megafauna across the region. Marine and coastal pollution, is also pervasive along the coastal shelf with the greatest impacts concentrated around coastal urban centers (Scheren et al., 2002) . Similar trends were noted here, especially on the Rio Muni mainland around Mbini at the Benito river mouth. This is likely due to a combination of high relative suitability values for our suite of species in the estuary area and high pollution intensity as a result of riparian output; including nutrient run-off and coastal waste. The majority of ocean-based pollution comes from everyday domestic and industrial operations including sewage outputs and ship bilges (Ogri, 2001) due to a lack of regulatory standards on vessel discharge and no mechanisms for enforcement (Rosenbaum and Collins, 2006) . Nevertheless, a lack of a dedicated vessel monitoring system data, as well as spatial information on illegal industrial fishing activity, which is highly prevalent in this region (Belhabib et al., 2016) means that the impact of fisheries in the region is largely underestimated given that our analyses are based on Automatic Identification System (AIS) data (see Kroodsma et al., 2018) . It is likely that industrial fishing is having a much greater impact than the results show here; particularly in the coastal and nearshore waters that are favored by many of the species in this study. Dealing with individual activities is likely to be difficult for conservation practitioners in Equatorial Guinea, and so targeting economic sectors may allow for a broader scope of initiatives. However, there is obviously an urgent need for additional research into legal and illegal industrial fisheries operating in the Gulf of Guinea waters. There are well-documented limitations and assumptions of adopting a cumulative impact mapping approach. In particular this method assumes a linear response of species to the stressors studied, as a result of poor understanding of nonlinear responses at present. Additionally, by including weightings in the analysis we have assumed that all individuals at any given location will respond in the same way as the rest of the population. Most significantly though, cumulative impact mapping assumes that stressor interactions are additive, as very little is known regarding where, when, why, or to what degree stressors interact; yet these interactions -whether they be synergistic or antagonistic -are likely to affect the outcome of conservation interventions (see Halpern and Fujita (2013) and references within for a more detailed description of limitations and assumptions). Nonetheless, the findings of this study remain the best available assessment or snapshot of the potential impact of human activities on marine megafauna in this data poor region, and can serve as a foundation for informing a wide range of policy and management objectives aimed at protecting marine biodiversity such as marine spatial planning, as well as highlighting areas for further research. For instance, the results of this study reveal that there are a few areas of high habitat suitability for marine megafauna that are subject to low levels of impact by anthropogenic activities. These areas represent critical habitat for marine megafauna, and may be suitable candidates for MPA expansion, as they have fewer opportunity costs and high benefits. One such area that might be a suitable candidate is Corisco Bay, where Equatorial Guinea's existing MPA (Corisco y Elobeyes) could be expanded, effectively creating a transboundary marine park with a newly established marine park in northern Gabon (Figure 5) . The results, however, also show that high impact areas are pervasive on the continental shelf, particularly near populated areas, highlighting that increasing protection of marine megafauna in this region will require more than just the implementation of MPAs. Specifically, turtle species were found to be highly impacted by access to nesting beaches, so the expansion of terrestrial protected areas in coastal areas also warrants further exploration. MPAs, however, will only be effective if they are supported by the development of national standards, best practice guidelines and management strategies to reduce the impact of terrestrial and marine human activities mentioned herein. Our results may therefore help initiate discussions among national implementing agencies, different sectors (e.g., fishing and industry) and key stakeholders by increasing awareness of current pressures on marine biodiversity, as well as facilitating the identification of viable strategies to mitigate and reduce pressures in areas of high impact. For instance, impacts on many of these species from industry which was identified as having the greatest impact on marine megafauna are likely to be exacerbated in the future given increasing investment to further develop offshore petrochemical infrastructure.
Ultimately, our study emphasizes that there is likely to be significant value in future implementation of marine protected areas in critical habitats that are currently experiencing low levels of human activity, in addition to more widespread implementation of environmental policies to reduce threats more broadly. This study also highlights fundamental gaps in our understanding of the distribution of marine megafauna and fisheries. There is thus an urgent need for continued research into the region's marine wildlife and its vulnerability, as well as thorough investigations into the potentially damaging human activities highlighted herein. Nonetheless, our results highlight that there is clear a need for action at a national level to address the impact of human activities and lack of effective protection across the Gulf of Guinea.
DATA AVAILABILITY STATEMENT
Ensemble ecological niche models (EENMs) and threat maps (anthropogenic footprint, cumulative impact, and cumulative utilization and impact) for each species (Atlantic humpback dolphin Sousa teuszii; bottlenose dolphin Tursiops truncatus; humpback whale Megaptera novaeangliae; leatherback Dermochelys coriacea; and olive ridley sea turtle Lepidochelys olivacea) are available from the Dryad Digital Repository doi: 10.5061/dryad.v6wwpzgr9 (Trew et al., 2019) .
ETHICS STATEMENT
The animal study was reviewed and approved by the University of Exeter.
AUTHOR CONTRIBUTIONS
HG, BG, and KM conceived the study. PD, AF, BG, SM, DT, MW, and KM deployed the PTTs on sea turtles in Gabon. TC collated and provided the cetacean sighting data. SP produced the EENMs. BT conducted the cumulative impact analyses and interpreted the results. All co-authors contributed to writing of the manuscript, and gave final approval for publication. 
FUNDING
